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ABSTRACT: Cardiac magnetic resonance imaging (MRI) segmentation is an essential aspect of quantitative cardio-
vascular analysis, facilitating accurate evaluation of ventricular volumes, myocardial mass, and functional parameters.
Deep learning-based segmentation models have shown strong performance on benchmark datasets such as ACDC, but
they remain challenging to deploy in real-world multi-centre settings. Data privacy laws make it hard to share data
across institutions, and differences in imaging protocols and patient populations mean that data is not always distributed
in the same way (non-IID). This can have a big impact on how well models work together and how well they generalise.
To address these issues, we first evaluate advanced segmentation architectures, including UNet++ and FPN with
EfficientNet-based encoders, and assess multiple hybrid combinations at the probability level. We further improve the
ensemble strategy by using a genetic algorithm to automatically identify the optimal model-weighting scheme, rather
than fixed combination coefficients. The genetic algorithm explores the solution space to identify the optimal weight
configuration based on segmentation metrics. The best hybrid configuration is then chosen as the input architecture
for the federated learning stage. We propose a privacy-preserving federated ensemble framework that enables multiple
clients to collaboratively train segmentation models without sharing raw MRI data. We methodically evaluate three
federated optimisation strategies: FedAvg under IID and non-IID client distributions, and FedProx, which incorporates
proximal regularisation to reduce client drift. The genetically optimised ensemble is always used in all federated
setups. A thorough analysis of ACDC testing volumes employing overlap- and boundary-based metrics illustrates
that the amalgamation of hybrid learning with genetic optimisation and federated training enhances robustness in
heterogeneous environments while maintaining data confidentiality, thus providing an efficient approach for secure
multi-centre cardiac MRI segmentation.

KEYWORDS: SDG 3; cardiovascular imaging; segmentation; ensemble deep learning; genetic algorithm; federated
learning; privacy-preserving AI

1 Introduction
Cardiovascular disease (CVD) is still the number one cause of death in the world. According to

the World Health Organisation, 19.8 million people died from CVD in 2022, which is about 32% of all
deaths worldwide. About 85% of these deaths were caused by heart attack and stroke [1]. The World
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Heart Federation also says that 20.5 million people died from CVD in 2021, which is almost one-third
of all deaths in the world [2]. These numbers demonstrate that CVD continues to harm people and
the economy, underscoring the importance of imaging pipelines that can produce reliable, reproducible
biomarkers at scale. In cardiac MR (CMR), CT angiography (CTA), X-ray coronary angiography (CAG),
and echocardiography, segmentation is the first step that converts pixel data into clinical measurements,
such as chamber volumes, ejection fraction (EF), myocardial thickness, aortic diameters, or coronary lumen
geometry. At this point, any bias will affect the derived indices and subsequent decisions. On the other hand,
strong segmentation supports consistent diagnosis, risk stratification, and therapy planning [3].

Recent developments in artificial intelligence (AI) have transformed cardiovascular image analysis. AI
techniques reduce reporting time, reduce differences between and within observers, and leverage multi-slice,
multi-phase, or multi-view context to stabilise challenging areas (e.g., apical/basal CMR slices, valve planes,
and small-calibre coronary arteries). The community has reached consensus on a set of reporting standards to
compare segmentation quality across modalities and groups. These standards include Dice/IoU for overlap,
Hausdorff/ASSD for boundary, and clinical agreement (e.g., EF error, diameter deviation) [4,5].

Historically, machine learning (ML) and model-based approaches constituted the foundation of cardiac
segmentation: pixel classification, deformable and level-set models incorporating region and gradient cues,
shortest-path formulations, and robust priors through statistical shapes or atlas registration [3]. These
pipelines are easy to understand and use few labels, but they often need careful setup and manual tuning.
They can also break easily if the vendor or protocol changes, especially in low-contrast or highly remodelled
anatomy. In contrast, deep learning (DL) redefined segmentation as end-to-end representation learning
utilising U-Net-like encoder-decoder architectures, multi-scale attention mechanisms, and temporal or
multi-view fusion. DL systems consistently enhance overlap and boundary metrics across CMR, CTA, echo,
and CAG, establishing themselves as the de facto standard for multi-structure cardiac segmentation [4,6,7].

First, privacy and governance rules make it difficult to share data across multiple centres, hindering
generalisation and slowing validation in representative populations. Second, a change in domain (scanner,
protocol, contrast phase, population) can hurt performance outside of the development cohort. Reviews
stress the need for standard practices like harmonisation and domain adaptation [4,5]. Third, there is no
single model that is best for all situations. Even strong backbones exhibit complementary failure modes,
implying that one model may be better at handling thin walls while another may be better at handling
trabeculations or thrombus boundaries. This means that it is preferable to combine models rather than rely
on a single architecture [4].

In this paper, we introduce a unified framework that combines ensemble deep learning, federated
learning, and genetic-algorithm (GA) fusion for robust, privacy-preserving cardiovascular segmentation:
1. Ensemble segmentation across different backbones that work well together: We train several net-

works (for example, 2D/3D U-Net variants with different receptive fields, attention modules, and
temporal/multi-view fusion) to take advantage of their strengths and make them more stable in difficult
areas (such as the apex/base and valve planes) and across modalities.

2. Federated learning (FL) for training that keeps your privacy safe. Instead of placing all the data in a single
location, participating sites train independently and only share model updates. This directly addresses
privacy concerns raised in recent surveys and improves cross-site generalisation by exposing the global
model to greater diversity without sharing raw images.
Accordingly, this work focuses on methodological validation under simulated federated conditions, with
large-scale real-world multi-institutional evaluation left for future investigation.

3. Instead of naive averaging, use GA-based fusion. We frame model fusion as an optimisation problem
and employ a genetic algorithm (GA) to evolve fusion weights and/or model selection masks that
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enhance validation performance according to task-specific metrics (Dice/HD and, when applicable,
clinical indices such as EF or diameters). The evolutionary search retains specialist behaviour when it
helps (e.g., in cases of a thin RV wall, small-calibre coronary arteries, and thrombus interfaces) and
reduces it elsewhere.
The remainder of this paper is organized as follows. Section 2 reviews related work in cardiovascular

MRI segmentation, ensemble learning, and federated optimization frameworks. Section 3 presents the
proposed methodology, including the deep learning segmentation architectures, probability-level ensemble
strategy, genetic algorithm-based weight optimization, and federated learning formulations. Section 4
describes the experimental setup, dataset characteristics, evaluation metrics, and implementation
details. Section 5 reports and discusses the experimental results, providing a comparative analysis of cen-
tralized, ensemble, optimized, and federated scenarios. Finally, Section 8 concludes the paper and outlines
potential directions for future research.

2 Related Work
This section reviews prior work on cardiovascular image segmentation, with a focus on cardiac cine-

MRI. We begin by summarising traditional and machine-learning methods that use explicit anatomical
priors and handcrafted representations. Next, we discuss deep learning methods, ranging from U-Net
families to automated configuration systems and Transformer-based designs. We also discuss problems
such as basal/apical ambiguity and cross-centre generalisation. Finally, we examine research on reliability,
including quantifying uncertainty, identifying failures, and correcting mistakes with human assistance,
which are becoming increasingly important for clinical use.

2.1 Classical and Machine-Learning Cardiac Segmentation Methods
When annotated datasets were scarce, classical cardiac segmentation research relied heavily on clear

modelling of the heart’s anatomy and the physics of image formation. In the past, early pipelines typically
included preprocessing steps such as normalisation, bias correction, and ROI localisation, as well as
engineered cues such as edges, region statistics, or vesselness, and constrained optimisation to ensure that the
anatomy was plausible. Surveys and comparative studies have shown that cine-MRI has common limitations,
including weak basal borders, partial-volume effects at the apex, contamination by papillary muscles and
trabeculations, and a thin RV wall [3]. In the same context, although the field later moved toward deep
learning, ideas about measuring overlap and boundaries, as well as carefully examining basal and apical
slices, remain very important in today’s benchmarks.

Kass et al. introduced active contours (snakes), which provide a framework for minimising energy that
balances internal smoothness with image forces [8]. This resulted in smooth endocardial and epicardial
contours, even amidst noisy gradients; however, edge-based forces frequently proved inadequate in areas
characterised by intensity inhomogeneity or feeble boundaries. Gradient Vector Flow (GVF) also increased
the capture range and made convergence better in concave areas, which is especially important for trabec-
ulated myocardium and complex RV geometry [9]. On the other hand, region-based active contours used
statistics from both the inside and outside to improve edge reliability when they were unreliable [10]. Level-
set formulations enhanced numerical stability, accommodated topological modifications seamlessly, and
facilitated the splitting and merging of surfaces as required [11]. Although these models were flexible, they
were still affected by parameter settings and initialisation. This led to more principled priors.

To more clearly incorporate anatomical knowledge, statistical priors were added to constrain solutions
to reasonable cardiac shapes and to compensate for areas that were unlearnable for fitting, using both
geometric. Active Shape Models (ASMs) acquired principal modes of variation from labelled datasets and
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implemented regularised fits in the presence of weak edges [12]. Active Appearance Models (AAMs) are built
on ASMs by modelling both shape and texture simultaneously. This enabled fitting to use both geometric
and intensity patterns [13]. Temporal and 3D AAM variants facilitated cine consistency and enhanced
tracking throughout the cardiac cycle [14]. Conversely, these models degraded in the absence of pathology
or acquisition characteristics within the training distribution.

Atlas-based segmentation addressed some of these problems by ensuring anatomical consistency across
the world. Single-atlas methods flexibly registered a labelled template to the target and spread the labels
through the transformation [15]. Similarly, multi-atlas fusion improved stability by combining labels from
multiple registered atlases, thereby reducing bias toward any single atlas [16]. These methods clarified
local confusion, such as distinguishing between myocardium and papillary muscles. However, they were
computationally intensive and performed poorly when registration failed, especially near the base, where
anatomy ends and valve motion makes alignment more challenging.

Parametric shape models utilising compact Fourier descriptors provided an alternative method for
regularising segmentation. The Fourier-based representation by Staib and Duncan generated smooth closed
curves governed by a limited number of parameters [17]. This compactness made it easier to couple multiple
surfaces (endo/epi) in the same way, but near-elliptical assumptions may not apply to remodelled ventricles
unless higher-order terms are included.

Other traditional deformable models integrated different types of information, such as combining
gradient and region data in a single energy [18]. In the same context, these hybrid energies made it less
sensitive to noisy edges, and region statistics stopped contour leakage across low-contrast boundaries.
However, balancing these terms was challenging, and excessive regularisation could wash out thin anatomical
structures such as the RV wall.

Xu and Prince [9] built on GVF to show that stronger external forces pull contours into deep concavities
and make their capture range wider from rough initialisations. In the same situation, this meant that there
were fewer interactions with users, but it still needed careful tuning and didn’t completely clear up the
epicardium-lung confusion. Later, Paragios [19] used region-driven terms and GVF-like forces to create
coupled level-set evolutions for the endocardium and epicardium. This made it clear how their relative
positions were limited. On the other hand, this coupling prevented spurious overlaps and separations, but
strong regularisation could still smooth out fine structures.

Knowledge-based registration-and-segmentation pipelines further improved model guidance by align-
ing a statistical reference, typically a mean signed-distance map, with the target prior to level-set
refinement [20]. In the same situation, this alignment initially accounted for differences in pose and scale,
but strong priors could have biased the solutions toward average shapes when the patient’s anatomy was
very different.

Finite-element models (FEM) added biomechanical limits to purely geometric priors. Papademetris
et al. [21] put tissue mechanics right into segmentation so that the way the surface moved followed the
properties of the material. In the same context, these models naturally enforced temporal smoothness
and enabled strain analysis, but they also introduced additional parameters (e.g., stiffness and anisotropy)
that were difficult to estimate. Pham et al. [22] also suggested a FEM-based deformable model for 3D
segmentation and tracking in cine MRI, combining spatial regularisation with temporal propagation. On
the other hand, these numerical schemes required careful discretisation to remain stable and to run for long
times during full cardiac cycles.
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Yezzi et al.’s region-driven formulations [10] were also important because they were among the first
region-based active contour formulations that combined homogeneity assumptions with boundary attrac-
tion. In the same context, using interior/exterior statistics helped stop leaks at weak borders, but it was still
difficult to identify strong descriptors when intensity was unstable.

Probabilistic atlases that combined EM-based classification with Markov Random Fields further
strengthened spatial regularisation. Lorenzo-Valdés et al. [15] showed that 4D probability maps that change
over time can aid temporal segmentation. In this context, the quality and alignment of the atlas remained
very important. Errors at the base, where the atrial inflow cuts off the ventricle, needed special heuristics.
Lötjönen et al. [16] expanded this idea by using a multi-structure statistical model that included the atria,
ventricles, and epicardium. This made it easier to consistently segment across structures and slices.

Finally, techniques that combined deformable registration and geometric optimisation sought to
stabilise weak boundaries. Jolly et al. [23] suggested linking registration across phases with minimum-surface
formulations to strengthen weak borders prior to per-frame refinement. In the same vein, extracting the
shortest path in polar coordinates accelerated finding the LV cavity when it was assumed to be near-circular,
but it struggled with heavily remodelled anatomies.

More recently, a different line of research has looked at traditional machine-learning classifiers as
lightweight, easy-to-understand alternatives or additions to deep models. In the same vein, several studies
from 2025 compared classical algorithms such as SVM, KNN, Decision Trees, AdaBoost, Random Forest,
Extra Trees, CatBoost, and Gradient Boosting, highlighting their strengths in robustness, interpretability,
and computational efficiency [24]. On the other hand, cardiovascular-specific pipelines that combine image-
derived features (like GLCM texture descriptors) with AdaBoost-DT or KNN have done very well at
predicting heart disease, often beating neural models in small samples [25]. In a similar vein, comparisons
of supervised learning methods such as kNN, SVM, neural networks, and AdaBoosted decision trees on
biomedical datasets—including monitoring foetal cardiac health—show that classical machine learning
remains competitive when interpretability and limited data are important factors [26]. In addition, recent
IEEE reports emphasise that traditional ML algorithms such as SVMs, k-NN, logistic regression, and decision
trees remain useful in settings with diverse data and limited resources [27]. These findings demonstrate
that conventional machine-learning techniques remain methodologically relevant in cardiovascular analysis
pipelines, serving either as independent classifiers or as integral elements within hybrid segmentation-
diagnosis frameworks.

Deep learning is now the dominant approach to cardiac segmentation, but many ideas from earlier
methods remain valuable. These include anatomy-aware coupling, explicit shape priors, population-based
atlases, region-driven energies, and temporal regularisation. These concepts continue to impact contempo-
rary architectures, loss functions, and evaluation protocols.

2.2 Deep Learning for Cardiac Segmentation
Deep learning has transformed cardiac segmentation by using hierarchical representations learned

directly from data rather than handcrafted features. Encoder–decoder architectures, such as U-Net, intro-
duced the now-standard skip-connected design that preserves fine endocardial boundaries while retaining
global contextual features [28]. As volumetric imaging became more common, extensions such as 3D U-
Net improved through-plane coherence in CT and CMR volumes. However, the cost of memory and the
variability of slice gaps often made 2D or 2.5D approaches better for cine MRI [29]. V-Net improved
volumetric segmentation further by adding a Dice-based loss to mitigate extreme foreground imbalance and
emphasising the importance of strong augmentation for stability [30]. nnU-Net was built on these ideas by
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automating the whole process, from preprocessing to model capacity, patch size, and post-processing. It also
demonstrated strong performance across a wide range of cardiac datasets [31].

Soon after, large-scale applications followed. Bai et al. showed that fully convolutional networks can
accurately separate the LV, RV, and myocardium in cine CMR and get reliable volumetric indices, even
though it is still hard to do so in basal and apical slices [32]. The ACDC challenge by Bernard et al. made
public benchmarking official, enabling systematic comparison of U-Net and V-Net variants, loss functions,
and pre- and post-processing strategies [6]. Later works used joint motion-segmentation learning for cine
MRI to address temporal issues, employing recurrent units or optical-flow guidance to improve ED/ES
alignment [33]. Complementary initiatives proposed spatial propagation strategies that deliver reliable mid-
ventricular data to apical and basal slices, thereby enhancing 3D consistency across stacks acquired with
anisotropic spacing [34]. Other studies improved encoder representations by using multi-scale DenseNet-
based backbones and dual-loss optimisation. This made them more robust to vendor variability and helped
with downstream disease classification [35]. Anatomically constrained neural networks used shape priors
and attention mechanisms to make masks that didn’t make sense less likely and build trust in the clinical
setting [36].

Afterwards, transformer-based architectures sought to capture long-range dependencies and global
structure. TransUNet and Swin-UNet are two models that combine convolutional stems with attention
mechanisms. This made them perform better in hard-to-reach areas, such as the RV free wall and the basal
plane [37,38]. Hybrid methods combined Transformer reasoning with nnU-Net-style pipeline automation
to find a good balance between accuracy and reproducibility [39]. At the same time, several studies have
proposed multi-scale supervision, feature aggregation, and boundary-aware losses to enhance performance
on thin or low-contrast structures.

Deep learning in echocardiography followed a similar path, but it had to address problems specific to
the modality, such as speckle noise, shadowing, and varying acoustic windows. Two-stage pipelines that
first use detectors such as YOLOv7 to detect chambers and then use U-Net variants to separate LVendo,
LVepi, and LA have achieved high Dice scores on CAMUS data [40]. The CAMUS dataset enabled thorough
testing of deep models across AP2 and AP4 views and ED/ES phases, revealing issues with view variability
and label incoherence [41]. Attention-based models such as PLANet have made it easier to capture context
and maintain pixel-level label consistency in 2D echo. Variants such as MFP-UNet demonstrated improved
feature aggregation across decoder layers, leading to more accurate LV delineation and clinical index
estimation [42,43]. Cardiac-SegNet and other multi-structure echo systems segment the LV and LA together
to improve EF estimation and anatomical consistency [44].

Deep learning has been widely used for vascular segmentation in CT and CTA, not just for chambers.
Multi-scale supervised networks enhanced coronary lumen extraction [45], whereas graph convolutional
networks applied to coronary surface meshes reinforced tubular topology and yielded anatomically plausible
centerlines [46]. Deep models for separating calcified areas in the intracranial carotid artery were as accurate
as expert readers on non-contrast CT scans and were strongly linked to stroke risk in population studies [47].
U-Net-based methods for segmenting the thoracic aorta in CT also showed high agreement with reader
measurements and reliably detected aneurysms. This underscores the importance of using clinically relevant
metrics, such as diameter accuracy, to evaluate segmentation [48]. Follow-up systems further improved
diameter estimation by leveraging multi-view learning and Transformer-based context modelling.

In 4D Flow MRI, segmentation is the first step in analysing blood flow. Fully automated aortic masks
have facilitated the accurate calculation of wall shear stress and flow-related biomarkers [49]. Extensive
cohort studies utilising deep segmentation of the thoracic aorta have demonstrated that imaging phenotypes
derived from automated masks can be incorporated into genetic analyses, highlighting the necessity of
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uniform segmentation in population-level research [50]. Later contributions focused on cycle-aware regu-
larisation, temporal consistency, and propagation strategies to maintain segmentation stability throughout
the cardiac cycle in 4D Flow MRI [51].

Recent advancements have extended cardiac segmentation into multi-task and multi-modal domains.
SURFR-Net integrates super-resolution and segmentation to enhance boundary clarity and flow quantifi-
cation in 4D Flow MRI within a single framework [52]. Other systems add edge-aware and context-aware
pathways to make LV/RV/myocardium segmentation on cine CMR better [53]. Directly segmenting the left
ventricle from raw 4D Flow MRI without using registered cine images enables simultaneous volume and
blood flow measurements and simplifies clinical workflows [54]. Comprehensive reviews of 4D Flow imaging
underscore that deep learning–based segmentation is essential for the reproducible estimation of advanced
haemodynamic indices [55]. All of these changes point to a clear shift away from separate encoder-decoder
models and toward hybrid, anatomically aware, multi-task systems that can combine spatial, temporal, and
physical constraints across different types of cardiovascular imaging.

Previous studies have independently explored ensemble and federated learning for medical image
segmentation. Ensemble methods are commonly applied to improve robustness by combining multiple
neural networks, while federated learning focuses on privacy preserving optimization across decentralized
data sources. However, most federated segmentation studies rely on single architecture models and do not
investigate architectural complementarity.

In contrast, this work integrates probability level ensemble learning with genetic algorithm based weight
optimization and embeds the resulting model in a federated learning framework. While these components
exist individually, their systematic combination and evaluation for cardiac MRI segmentation remain limited.

3 Proposed Approach for Cardiovascular MRI Segmentation
Cardiovascular magnetic resonance imaging (MRI) segmentation is a key part of modern cardiac image

analysis. It enables quantitative measurement of ventricular volumes, myocardial mass, and functional car-
diac parameters. Deep learning-based automated segmentation systems have achieved strong performance
in controlled benchmark settings. However, putting this into practice in the real world remains challenging
due to heterogeneous data, a lack of annotated datasets, domain shifts across institutions, and strict privacy
laws that prohibit central data sharing. Given these limits, we need to develop robust, privacy-protecting,
and generalisable segmentation frameworks that operate in distributed environments.

To tackle these issues, we propose a comprehensive hybrid framework that combines deep segmentation
architectures, ensemble learning at the probability level, weight optimisation using genetic algorithms, and
federated learning strategies. The goal is to improve segmentation reliability while preserving data privacy
across institutions. The proposed pipeline systematically integrates architectural diversity with distributed
optimisation to mitigate overfitting, reduce model variance, and improve generalisation across diverse
clinical data distributions.

The proposed framework employs a structured pipeline with interconnected stages that improve
segmentation performance over time. To ensure that the input is always the same, the MRI data are
first normalised and spatially standardised. Then, several deep segmentation architectures are trained
separately to get different feature representations. Using a genetic algorithm, the best weight configuration
for probability-level hybrid ensemble learning is found. This combines the outputs of these models. Lastly,
the optimised hybrid architecture is employed in a federated learning setting using various distributed
optimisation methods.
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This hierarchical structure ensures that model diversity is used locally first, and then it is incorporated
into a global training strategy that protects privacy. Fig. 1 and Algorithm 1 illustrate the complete workflow.

ACDC Cine-MRI Dataset
Images + Ground Truth Masks

Preprocessing
Normalization+Resize

2D/2.5DFormatting

Data Partitioning
Train / Validation / Test

IID and non-IID

StageA:DataPreparation

Server-side Benchmarking
Train candidate models

Model 1 Model 2

Probability outputs
��� ���

Ensemble + GA Optimization
� �

��� � �
���

Fitness: validation Dice

Best weights + best pair

Stage B: Benchmarking + Ensemble

GA: Initialize population of weights � � ��

GA: Fitness evaluation on validation set (Dice)

GA: Selection + crossover (recombination)

GA: Mutation + feasibility projection ( � � � � �)

GA: Stop criterion � keep best weights

GeneticAlgorithmSteps

Federated Learning Server
FedAvg / FedProx
�� � 	 ��

��

Client 2
Local Training

Client 1
Local Training

Client 3
Local Training

Testing & Evaluation
Dice, IoU, Precision, Recall

Stage C: Federated Learning & Evaluation

Figure 1: Diagram of the proposed cardiovascular MRI segmentation framework with the requested layout. Stage A
(left) prepares and partitions the ACDC dataset. Stage B (right) benchmarks two candidate models, produces probability
maps, and performs ensemble learning with GA-based optimization. The internal GA operations (initialization, fitness
evaluation, crossover, mutation, and termination) are shown in a dedicated block below Stage A. Stage C (to the right
of the GA block) performs federated learning (FedAvg/FedProx) using the selected hybrid configuration and evaluates
the global model on held-out test data.

Algorithm 1: GA-optimized hybrid ensemble with federated learning for cardiac MRI segmentation
Require: Two pre-trained segmentation models f1(⋅; θ1) and f2(⋅; θ2); validation set Dv al ; clients

{1, . . . , K} with local datasets Dk ; federated rounds T, local epochs E.
Ensure: Fixed ensemble weights (w⋆1 , w⋆2 ) and trained global ensemble model Θ(T).

Stage 1: Offline Ensemble Weight Optimization (Server-Side)
1: Freeze parameters θ1 and θ2
2: Initialize population of weight vectors w = (w1 , w2) with w1 +w2 = 1
3: for generation g = 1 to G do
4: for each candidate w(p) do

(Continued)
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Algorithm 1 (continued)
5: Compute ensemble prediction:

Pens(x) = w(p)
1 f1(x; θ1) +w(p)

2 f2(x; θ2)
6: Decode ŷ = arg maxc Pc

ens(x)
7: Evaluate fitness on Dv al
8: end for
9: Apply selection, crossover, and mutation
10: end for
11: Select optimal weights:

(w⋆1 , w⋆2 ) = arg max
w

Fitness(w)
Stage 2: Federated Learning with Fixed Ensemble

12: Initialize ensemble model parameters Θ(0) at server
13: for round t = 0 to T − 1 do
14: Server broadcasts Θ(t) to all clients
15: for all clients k in parallel do
16: Θ(t)

k ← Θ(t)

17: for local epoch e = 1 to E do
18: Compute ensemble-based prediction:

Pens(x; Θk) = w⋆1 f1(x; Θk) +w⋆2 f2(x; Θk)
19: Update Θk using segmentation loss
20: end for
21: Send updated Θ(t+1)

k to server
22: end for
23: Aggregate:

Θ(t+1) =
K
∑
k=1

nk
n Θ(t+1)

k

24: end for
25: return Final global ensemble model Θ(T)

3.1 Dataset Description and Preprocessing
The Automatic Cardiac Diagnosis Challenge (ACDC) dataset [6] consists of short-axis cine-MRI

volumes acquired from multiple patients with varying pathological conditions. Each case includes expert-
annotated masks for the right ventricle (RV), myocardium (MYO), and left ventricle (LV).

As shown in Fig. 2, this dataset comprises 2D cine MR images from 100 patients acquired on various
1.5 and 3T MR scanners at different temporal resolutions. Manual segmentations are provided for the
end-diastolic (ED) and end-systolic (ES) cardiac phases for right ventricle (RV), left ventricle (LV) and
myocardium (MYO).

The dataset represents realistic clinical variability, including differences in anatomy, pathology, and
acquisition settings. Each MRI volume is defined as:

V = {Is}S
s=1 (1)

where Is ∈ RH×W is a 2D slice.
The corresponding mask is:

Ys ∈ {0, 1, 2, 3}H×W (2)
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a Patient 1 — Image b Patient 1 — Mask c Patient 1 — Overlay

d Patient 2 — Image e Patient 2 — Mask f Patient 2 — Overlay

g Patient 3 — Image h Patient 3 — Mask i Patient 3 — Overlay

Figure 2: Per-patient rows showing (Col-1) original image, (Col-2) segmentation mask, and (Col-3) overlay from train
dataset. Red, green, and blue correspond to the right ventricle (RV), left ventricular myocardium (MYO), and left
ventricular cavity (LV), respectively, following the standard ACDC label encoding.

To ensure numerical stability and improve convergence, each slice is normalized using z-score
normalization:

Ĩs =
Is − μs

σs+ ε
(3)
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This normalization reduces inter-scan intensity variability, which is common in MRI acquisitions.
Images are then resized to a fixed spatial resolution:

I′s ∈ R256×256 (4)

For 2.5D models, contextual slices are concatenated:

I25D
s = [Is−1 , Is , Is+1] (5)

All ACDC cases used in this study include complete expert annotations, and no missing segmentation
labels were observed. The dataset was used without case- or slice-level exclusion based on anatomical
appearance. As a result, challenging regions such as basal and apical slices, which exhibit higher anatom-
ical variability and ambiguity, were retained. This ensures that model evaluation reflects realistic clinical
conditions rather than a curated or simplified subset.

3.2 Deep Learning Models for Segmentation
Cardiac segmentation is formulated as a multi-class semantic segmentation task. The objective is to

learn a nonlinear mapping:

fθ ∶ I → P (6)

where:

• θ denotes the learnable model parameters,
• P ∈ RC×H×W represents the predicted probability maps,
• C = 4 corresponds to background and three anatomical classes (RV, MYO, LV).

The predicted segmentation map is computed as:

Ŷ(x) = arg max
c

Pc(x) (7)

where Ŷ(x) denotes the predicted class label at pixel location x.
To increase architectural diversity and reduce model bias, we evaluate eight deep segmentation models,

each capturing complementary spatial and contextual features to enhance robustness and generalization.
A combined cross-entropy and Dice loss was employed to balance pixel-wise classification accuracy

and region-level overlap optimization. In our experiments, cross-entropy contributes to stable, smooth
convergence during early training by providing dense pixel-level supervision, particularly important in the
federated setting where local updates are performed on limited client data. Dice loss complements this
by directly optimizing region overlap and mitigating class imbalance, especially for anatomically thin and
variable structures such as the myocardium and right ventricle.

The combination of these loss terms was observed to improve convergence stability across clients and
reduce sensitivity to local data imbalance, thereby facilitating more consistent aggregation during federated
optimization. Moreover, by emphasizing both pixel-level and region-level objectives, the loss formulation
supports robust ensemble fusion, as individual model predictions exhibit improved structural consistency,
particularly at object boundaries.
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3.2.1 UNet++ (EfficientNet-B3 and EfficientNet-B4)
UNet++ [56] is a more advanced version of the classic U-Net. It adds nested and densely connected skip

pathways to the original design. The main goal of UNet++ is to close the semantic gap between encoder and
decoder feature maps. This is particularly important in medical image segmentation, where precise bound-
aries are required. To get the right shape of the myocardial borders and ventricular cavities in cardiovascular
MRI segmentation, you need to keep improving the spatial details at different resolution levels.

Let X i , j denote the feature map at depth i and stage j within the nested decoder structure. The dense
skip connection mechanism is defined as:

X i , j = H ([X i , j−1 , U(X i+1, j−1)]) (8)

where:

• H(⋅) represents a convolutional transformation,
• U(⋅) denotes upsampling,
• [⋅] indicates concatenation.

This nested architecture facilitates incremental feature improvements and makes gradient propagation
during training smoother. UNet++ differs from the standard U-Net by incorporating additional dense
connections that enable supervision at multiple levels. This makes convergence more stable and segmentation
more accurate.

The encoder backbone is based on EfficientNet-B3 and EfficientNet-B4, which use compound scaling
to balance network depth, width, and input resolution. The formula for compound scaling is:

d = αϕ , w = βϕ , r = γϕ (9)

subject to:

α ⋅ β2 ⋅ γ2 ≈ 2 (10)

where:

• d is network depth,
• w is network width,
• r is input resolution,
• ϕ is a scaling coefficient.

EfficientNet-B3 and B4 provide strong feature extraction capabilities while maintaining computational
efficiency. In cardiac MRI segmentation, these encoders capture both global anatomical structures and fine
myocardial textures.

The training objective combines cross-entropy and Dice loss to balance pixel-wise classification and
overlap optimization:

L = λ1LCE + λ2LDice (11)

where Dice loss is defined as:

LDice = 1 − 2∑i pi gi

∑i pi +∑i gi
(12)
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UNet++ with EfficientNet backbones provides strong boundary refinement, improved structural
consistency, and enhanced robustness to intensity variability in cardiac MRI data.

3.2.2 FPN (EfficientNet-B3 and EfficientNet-B4)
The Feature Pyramid Network (FPN) [57] is made to use multi-scale feature representations through

a top-down pathway with lateral connections. When you do cardiovascular MRI segmentation, anatomical
structures like the myocardium and ventricles show up at different scales in space. For accurate segmentation,
it’s important to get both the big picture and the small details.

Let Cl denote the feature map extracted at level l from the encoder. The top-down feature fusion
mechanism is defined as:

Pl = Conv (Cl +U p(Pl+1)) (13)

where:

• Pl is the pyramid feature map at level l ,
• U p(⋅) denotes upsampling,
• Conv(⋅) represents convolution.

This recursive feature aggregation integrates high-level semantic features with low-level spatial details.
The pyramid representation improves the detection of thin myocardial walls while preserving the overall
structure of the ventricular cavities.

Like UNet++, FPN uses EfficientNet-B3 and EfficientNet-B4 as backbone encoders. The pyramid
structure of EfficientNet combines hierarchical features extracted over time, enabling the learning of strong
multi-resolution representations.

The final segmentation probability map is computed as:

P = So f tmax(Conv(P2)) (14)

where P2 corresponds to the highest-resolution pyramid feature map.
FPN is particularly effective for segmenting cardiac MRIs because it scales well. It improves segmen-

tation in both basal and apical slices, where the anatomical shapes differ markedly. Also, the pyramid
aggregation method makes the system more robust to partial-volume effects and low-contrast boundaries
that are common in cine-MRI sequences.

FPN focuses on hierarchical semantic consistency across scales, making it well-suited to the UNet++
ensemble framework. This differs from architectures that use only decoders.

3.2.3 DeepLabV3+
DeepLabV3+ [58] is a strong semantic segmentation architecture that uses atrous convolutions and an

encoder-decoder refinement to capture both global context and fine structural details. In cardiovascular MRI
segmentation, accurately defining the boundaries of the myocardium and the ventricular cavities requires
large receptive fields to model the overall shape while maintaining spatial accuracy at anatomical edges.
DeepLabV3+ meets this need by using Atrous Spatial Pyramid Pooling (ASPP), which uses parallel dilated
convolutions with different dilation rates to get multi-scale contextual features.
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Dilated convolution is defined as:

y[i] = ∑
k

x[i + r ⋅ k]w[k] (15)

where r is the dilation rate. By increasing r, the receptive field expands without increasing the number of
parameters or reducing feature map resolution. The ASPP module aggregates features across multiple dilation
rates:

ASPP(x) = ∑
r∈R

Convr(x) (16)

This mechanism enables the model to capture both fine myocardial textures and larger ventricular
structures simultaneously. The decoder module also improves segmentation by combining low-level spatial
features from earlier encoder layers, thereby making boundaries more precise. DeepLabV3+ performs
particularly well in the presence of substantial anatomical variability because its multi-scale representation
makes it less sensitive to structural and disease-related changes.

3.2.4 UNet 2.5D (EfficientNet-B3)
2D convolutional networks [59] process slices separately, and 3D networks need a lot of computing

power. The 2.5D approach is a good middle ground. In cardiovascular MRI, adjacent slices are very similar
because the anatomy is continuous along the short-axis direction. Pure 2D models may not exploit this inter-
slice dependency, potentially resulting in non-smooth segmentation across slices.

The 2.5D input representation is constructed as:

I25D
s = [Is−1 , Is , Is+1] (17)

This provides contextual information from nearby slices while remaining as fast as 2D models. The
EfficientNet-B3 encoder takes this three-channel input and extracts hierarchical spatial features. This allows
the network to model small changes in myocardial thickness and ventricular geometry across slices. The 2.5D
UNet architecture enhances structural coherence and diminishes slice-to-slice segmentation discrepancies
by integrating constrained 3D context without comprehensive volumetric convolution, particularly in apical
and basal areas characterised by rapid anatomical variation.

3.2.5 DSE-Net
DSE-Net (Deep Spatial Encoding Network) [60] improves segmentation performance by encoding

spatial features and combining them hierarchically. In cardiac MRI, accurate segmentation is challenging
due to unclear boundaries and low contrast between the myocardium and surrounding tissues. DSE-Net
addresses this problem by using learnable spatial-encoding weights to combine features from multiple
encoder levels.

Let encoder features be:

F = {F1 , F2, F3, F4} (18)

Spatial aggregation is defined as:

S =
4
∑
i=1

Wi ∗ Fi (19)
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where Wi are learnable convolutional kernels. This weighted aggregation mechanism allows the model to
emphasize discriminative spatial cues at different scales. By combining shallow high-resolution features
with deeper semantic representations, DSE-Net improves boundary continuity and anatomical consistency.
Furthermore, the spatial encoding mechanism enhances robustness against intensity inhomogeneity and
motion artefacts commonly observed in cardiac cine-MRI sequences. As a result, DSE-Net contributes
complementary predictions within the ensemble framework.

3.3 Ensemble Learning
Deep segmentation models frequently demonstrate synergistic strengths. UNet++ excels at refining

boundaries with dense skip connections, FPN excels at capturing multi-scale hierarchical representations,
and DeepLabV3+ improves contextual understanding with atrous spatial pyramid pooling. Nonetheless, no
single architecture consistently prevails across anatomical structures and patient variability. Differences in
myocardial thickness, ventricular geometry, and imaging conditions can make some models perform less
well in certain areas. This encourages the application of ensemble learning to integrate predictions from
various models, thereby leveraging their complementary attributes and enhancing overall robustness.

Given probability outputs P(m) from M models, the ensemble prediction is computed as:

Pens =
M
∑
m=1

wm P(m) (20)

subject to the constraint:

M
∑
m=1

wm = 1 (21)

where wm denotes the contribution weight of the m-th model.
By averaging outputs that are well correlated, ensemble learning reduces model variance and stabilises

predictions. Hard voting is not as effective as probability-level fusion because it retains confidence infor-
mation and yields smoother decision boundaries. This mixed strategy makes the model more robust to its
own specific errors, reduces overfitting, and improves generalisation across data distributions that differ.
Ensemble learning is especially useful for balancing boundary accuracy, structural continuity, and contextual
modelling in cardiovascular MRI segmentation.

Genetic Algorithm Optimization (Extended Description)
Choosing the optimal ensemble weights is challenging because the models’ outputs interact nonlinearly.

We use a Genetic Algorithm (GA) to search for the best combination space, adapting to the data rather than
assigning weights by hand.

The optimization objective is defined as:

max
w

1
N

N
∑
n=1

Dicen (22)

where N denotes the number of validation samples and Dicen is the Dice score for sample n.
The GA begins by initializing a population of candidate weight vectors satisfying:

M
∑
m=1

wm = 1, wm ≥ 0 (23)
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Each candidate solution (chromosome) encodes a feasible weight configuration. The fitness of each
chromosome is computed using the validation Dice score obtained from the ensemble prediction. The
algorithm then performs iterative evolutionary operations:

• Selection: Individuals with higher fitness values are more likely to be selected for reproduction.
• Crossover: Weight vectors are recombined to explore new regions of the solution space.
• Mutation: Small random perturbations are introduced to prevent premature convergence and main-

tain diversity.
• Elitism: The best-performing solutions are preserved across generations.

The GA converges to the best weight distribution over many generations, yielding the best segmentation
performance. This adaptive optimisation strategy doesn’t get stuck in local minima and accounts for how
models depend on one another in complex ways. The GA finds ensemble configurations that balance
boundary accuracy, contextual consistency, and structural coherence by exploring the weight space globally
instead of relying on manual tuning. The best hybrid configuration is chosen and then used as the base
ensemble model in the federated learning framework.

Let { fm(⋅; θm)}M
m=1 denote a set of M pre-trained segmentation models, where θm represents the

parameters of model m. Given an input image x, each model produces a class probability map Pm(x).
The ensemble prediction is defined as

Pens(x) =
M
∑
m=1

wm Pm(x), (24)

subject to the constraints

M
∑
m=1

wm = 1, wm ≥ 0, (25)

where wm denotes the fixed fusion weight assigned to model m, determined during offline genetic algorithm
optimization. The final segmentation label is obtained by applying the arg max operator over the ensemble
class probabilities.

3.4 Federated Learning
Storing all MRI data on a single server for centralised training violates patient privacy and institutional

data-sharing regulations. Federated learning addresses this problem by enabling models to be trained jointly
without sharing raw data. Instead, the model parameters are shared and combined, while the data stays at
each participating institution.

The global optimization objective is defined as:

min
θ

K
∑
k=1

nk

n
Lk(θ) (26)

where:

• K denotes the number of clients,
• nk represents the number of local samples at client k,
• n = ∑K

k=1 nk is the total number of samples,
• Lk(θ) is the local loss function.
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Clients use their private data to update their local models and send the new parameters to the central
server during each communication round. The server combines these updates to form a new global model,
which it then sends back to clients for the next training round. This process repeats until convergence.

Federated learning enables institutions to collaborate to share knowledge while preserving data privacy.
This paradigm is particularly useful for cardiovascular MRI segmentation because there is limited annotated
data per centre and substantial variation across patient groups and imaging devices. The proposed framework
improves robustness, facilitates generalisation across diverse data distributions, and ensures compliance with
medical privacy standards by combining federated optimisation with hybrid ensemble learning.

In the federated setting, each client k ∈ {1, . . . , K} optimizes the same ensemble-based segmentation
model with parameters θ using its private local dataset Dk . The local optimization objective at client k is
defined as

min
θ

Lk(θ), (27)

where Lk(θ) denotes the segmentation loss computed from the ensemble predictions on Dk .
After local optimization, model parameters are transmitted to the server and aggregated using a

standard federated optimization strategy, such as Federated Averaging (FedAvg) or proximal regularization
(FedProx). Throughout federated training, the ensemble fusion weights remain fixed and are not modified
during local updates or global aggregation.

3.4.1 FedAvg
Federated Averaging (FedAvg) is the main algorithm in federated learning. It enables models to be

trained across multiple computers without storing raw data in a single location. In cardiovascular MRI
segmentation, each client trains its own model on private MRI data and sends only the model parameters
to the central server. This system ensures that medical data protection rules are followed while also enabling
people to learn together. FedAvg is a useful approach for protecting privacy in multi-centre medical imaging
applications because it separates data storage from model optimisation.

At communication round t, each client performs local stochastic gradient descent updates:

θt+1
k = θt − η∇Lk(θt) (28)

where η is the learning rate and Lk denotes the local objective function of client k.
The server aggregates client updates as:

θt+1 =
K
∑
k=1

nk

n
θt+1

k (29)

where nk is the number of samples at client k, and n = ∑K
k=1 nk .

This weighted averaging ensures that clients with larger datasets have a greater impact on the global
model. FedAvg works best when the data is IID and the local gradients are close to the global objective.
However, in non-IID settings, which are common in medical imaging due to demographic, scanner, and
acquisition-protocol differences, client updates may perform differently. Even with this limitation, FedAvg
remains easy to use and scales well on modern computers, making it a strong and widely used starting point
for distributed cardiovascular segmentation.
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3.4.2 FedProx
FedAvg performs well with data that are roughly IID, but it may be less effective in settings that are

highly heterogeneous (non-IID), which is common in multi-centre cardiovascular MRI datasets. Variability
among clients can be significant due to differences in patient demographics, scanner vendors, acquisition
protocols, and annotation styles. This difference may cause local updates to drift away from the global goal,
thereby destabilising convergence and degrading segmentation performance.

FedProx fixes this problem by adding a proximal regularisation term to the local objective function. The
main idea is to limit local model updates to keep them close to the current global model parameters. This
will prevent excessive divergence caused by different gradients.

The modified local optimization objective for client k is defined as:

min
θ k

Lk(θk) +
μ
2
∥θk − θt∥2 (30)

where:

• Lk(θk) is the local loss function,
• θt represents the global model at communication round t,
• μ > 0 is the proximal regularization coefficient.

The additional proximal term penalizes large deviations between the locally updated parameters θk and
the global parameters θt . This regularization effectively limits the influence of extreme local gradients and
encourages more consistent updates across clients.

After local optimization, the server performs weighted aggregation similarly to FedAvg:

θt+1 =
K
∑
k=1

nk

n
θt+1

k (31)

The proximal coefficient μ controls the trade-off between local adaptation and global consistency. When
μ = 0, FedProx reduces to standard FedAvg. As μ increases, local models are more strongly constrained to
remain close to the global model, which improves stability in highly non-IID scenarios.

In cardiovascular MRI segmentation, FedProx is particularly useful when institutions involved have
very different data types. FedProx improves convergence stability, reduces oscillatory behaviour, and
improves generalisation performance across a wide range of imaging domains by reducing client drift.
Additionally, the proximal regularisation framework guarantees theoretical convergence under bounded
heterogeneity assumptions, making FedProx a strong alternative to FedAvg for distributed medical imag-
ing applications.

3.5 Final Hybrid Federated Segmentation
The final segmentation integrates genetically optimized ensemble learning within federated training:

Ŷ(x) = arg max
c
(

M
∑
m=1

wmP(m)c (x)) (32)

This unified framework combines architectural diversity, evolutionary optimisation, and privacy-
preserving distributed learning to enhance cardiovascular MRI segmentation performance in
multi-centre environments.
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To remove ambiguity regarding the interaction between ensemble learning and federated optimization,
we explicitly clarify the temporal and functional role of each component in the proposed pipeline. Ensemble
learning is first performed in a centralized and offline manner to identify complementary base models
and determine fixed fusion weights using a validation set. This ensemble configuration remains constant
throughout subsequent training stages.

Once the optimal ensemble configuration is determined, the resulting hybrid model serves as the base
architecture in the federated learning framework. During federated training, each client trains the same fixed
ensemble model on local data, and only model parameters are exchanged with the central server. Ensemble
fusion is therefore not performed dynamically across clients nor adapted during communication rounds, but
is embedded within the model’s forward pass using fixed weights.

At inference time, the trained federated global model produces ensemble predictions through the
same probability-level fusion mechanism. This design ensures consistency between centralized validation,
federated optimization, and final deployment, while avoiding additional communication or synchronization
overhead associated with client-wise ensemble adaptation.

3.6 Simulated Client Partitioning for Federated Learning
Federated learning experiments were conducted using a simulated multi-client setup based on the

ACDC training dataset. Specifically, the data were partitioned into K = 5 clients, each representing an
independent data holder. All federated experiments were performed over 20 communication rounds, with
each client executing one local training epoch per round. Full client participation was adopted, meaning that
all clients contributed updates during every communication round.

To evaluate the effect of data heterogeneity, both IID and non-IID client partitioning strategies were
considered. For the IID setting, training cases were randomly shuffled and uniformly distributed across
clients. For the non-IID setting, a patient-level partitioning strategy was employed, where each client received
data from a disjoint subset of patient identifiers. This induces strong distributional heterogeneity across
clients, as anatomical characteristics and slice distributions vary by patient. Client datasets were therefore
imbalanced in size and composition, reflecting realistic variability in local data availability.

Although this setup does not represent a true multi-institutional cohort with scanner- or site-specific
acquisition differences, it provides a controlled and reproducible platform to study federated optimization
behavior under simulated heterogeneity.

4 Results and Discussion
This section provides a thorough assessment of the proposed cardiovascular MRI segmentation

framework across diverse experimental settings. The evaluation encompasses centralised deep learning
benchmarking, probability-level ensemble learning, genetic algorithm (GA)-driven weight optimisation,
and federated learning applied to both IID and non-IID data distributions. We evaluate performance using
metrics that quantify overlap, number of pixels, and boundary length. We also look into architectural
complementarity and how adaptive weight optimisation affects the stability of distributed training and the
strength of segmentation.

4.1 Quantitative Evaluation Metrics
This subsection describes the evaluation metrics used to measure segmentation quality and boundary

accuracy. Since medical image segmentation requires both volumetric overlap precision and contour
accuracy, multiple complementary metrics are employed.
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4.1.1 Dice Similarity Coefficient (DSC)
The Dice coefficient measures the overlap between predicted segmentation P and ground truth G:

Dice = 2∣P ∩G∣
∣P∣ + ∣G∣ (33)

where ∣P∣ and ∣G∣ denote the number of foreground pixels. Dice ranges from 0 to 1, with 1 indicating
perfect overlap.

4.1.2 Intersection over Union (IoU)
IoU evaluates the ratio between the intersection and the union:

IoU = ∣P ∩G∣
∣P ∪G∣ (34)

IoU is more penalizing than Dice for small boundary mismatches.

4.1.3 Precision and Recall
Precision quantifies over-segmentation, while recall measures under-segmentation:

Precision = TP
TP + FP

(35)

Recall = TP
TP + FN

(36)

where TP, FP, and FN denote true positives, false positives, and false negatives.

4.1.4 Pixel-Wise Accuracy

Accuracy = TP + TN
TP + TN + FP + FN

(37)

Although accuracy reflects overall correctness, it may be biased by large background regions.

4.1.5 95th Percentile Hausdorff Distance (HD95)
Boundary agreement is evaluated using the 95th percentile Hausdorff distance:

HD95(P, G) = max
⎧⎪⎪⎨⎪⎪⎩

percentile95
p∈P

min
g∈G

d(p, g), percentile95
g∈G

min
p∈P

d(g , p)
⎫⎪⎪⎬⎪⎪⎭

(38)

where d(⋅, ⋅) denotes Euclidean distance.

4.1.6 Average Surface Distance (ASD)

ASD(P, G) = 1
∣P∣ + ∣G∣

⎛
⎝∑p∈P

min
g∈G

d(p, g) + ∑
g∈G

min
p∈P

d(g , p)
⎞
⎠

(39)

ASD captures the mean contour deviation and complements HD95.
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4.2 Comparative Analysis of Deep Segmentation Models
This part examines how well centralised performance performs across eight different segmentation

architectures. Table 1 shows a full comparison of eight segmentation architectures that were tested on the
ACDC dataset. The results show clear patterns in performance across metrics measuring overlap (Dice and
IoU), pixel-level metrics (precision, recall, and accuracy), and metrics sensitive to boundaries (HD95 and
ASD). Overall, encoder-decoder architectures with dense multi-scale feature aggregation perform better at
segmenting, particularly in capturing fine myocardial contours.

Table 1: Performance comparison of segmentation models on the ACDC dataset. Validation Dice excludes background.
Best results are shown in bold, second-best underlined. Lower values are better for HD95 and ASD.

Model Dice IoU Precision Recall Accuracy HD95 (px) ASD (px)
UNet++ (EffNet-B3) 0.8890 0.8078 0.9070 0.8829 0.9976 2.4033 0.8213

FPN (EffNet-B3) 0.8887 0.8062 0.8983 0.8875 0.9976 2.3926 0.8602
FPN (EffNet-B4) 0.8843 0.8006 0.9133 0.8679 0.9975 2.4680 0.8885

DeepLabV3+ (EffNet-B4) 0.8763 0.7892 0.9121 0.8568 0.9974 2.5499 0.8988
UNet++ (EffNet-B4) 0.8677 0.7820 0.9134 0.8495 0.9972 2.8304 0.9920

DeepLabV3+ (ResNet-101) 0.8485 0.7557 0.9149 0.8181 0.9970 3.2021 1.1576
DSE-Net 0.7134 0.6083 0.8626 0.6852 0.9950 5.3445 2.1467

UNet (EffNet-B3, 2.5D) 0.1699 0.0999 0.3494 0.2027 0.9776 83.8356 46.0210

DSE Net was included solely as a representative spatial-encoding baseline to assess the transferability
of non-cardiac architectures to cine-MRI segmentation. As the model was originally designed for mobile
tongue image segmentation, it is not considered a competitive cardiac-specific baseline. Its substantially
inferior performance highlights the importance of domain-specific architectural design. Consequently,
DSE Net predictions were excluded from the optimized ensemble and federated learning experiments and
retained only for ablation analysis.

UNet++ achieved the best overlap-based performance (Dice and IoU) while maintaining competitive
boundary metrics. In particular, UNet++ with EfficientNet-B3 achieved the highest Dice score (0.8890) and
performed slightly better than its deeper EfficientNet-B4 counterpart on both Dice and IoU, suggesting
that it generalises better. This behaviour shows that adding more encoder layers does not always improve
test performance, especially when the dataset is not very large. EfficientNet-B3 appears to have suffi-
cient representational power without introducing additional complexity that could increase the likelihood
of overfitting.

Also, the nested dense skip connections in UNet++ reduce the semantic gap between encoder and
decoder features. This architectural design facilitates the reconstruction of fine anatomical boundaries,
particularly at ventricular interfaces. The low ASD value and good HD95 performance indicate that it
preserves the contour’s smoothness and the boundary’s continuity. In cardiac MRI segmentation, precise
boundary delineation is crucial for dependable ventricular volume estimation and myocardial thickness
calculation, rendering these enhancements clinically significant.

FPN architectures, on the other hand, showed competitive but slightly lower performance. FPN
effectively integrates information across scales into a single representation, but it lacks UNet++’s nested skip
refinement mechanism. Although recall remains high, the boundary metrics are slightly worse than those of
UNet++. This means that FPN is effective at capturing global structural information, but its feature fusion
strategy may not be as effective at recovering fine myocardial edges.
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Similarly, DeepLabV3+ variants achieved very high precision, particularly with the EfficientNet-B4
backbone. The Atrous Spatial Pyramid Pooling (ASPP) module increases the receptive field without reducing
resolution, enabling the model to capture more contextual information. The slightly lower recall relative
to UNet++ suggests that extensive contextual aggregation may smooth thin anatomical structures, leading
to mild under-segmentation in challenging areas such as apical slices. Also, DeepLabV3+ with ResNet-101
achieved higher HD95 and ASD values, suggesting that encoder architecture affects boundary stability and
that deeper residual networks may not always yield the best spatial accuracy for cine-MRI data.

DSE-Net exhibited markedly inferior overlap performance and significantly elevated boundary errors in
comparison to encoder–decoder architectures, as illustrated in Fig. 3. Although it employs spatial encoding
and attention mechanisms, the model appears less well-suited to the intensity and shape changes observed in
cardiac cine sequences. The high HD95 and ASD values show that the boundary reconstruction is unstable
and the contour smoothness is lower. These results indicate that spatial encoding strategies alone may be
inadequate without strong multi-scale feature integration and well-optimized encoder backbones that can
capture both global and local representations.

Figure 3: Compare different models by DICE and IOU metrics.

The 2.5D UNet model performed even worse. Adding adjacent slices should, in principle, provide
contextual information between slices, but the results show a substantial drop in test performance and very
large boundary distances. This behaviour could be due to differences in the anatomy of each slice, to the
varying slice thicknesses in the ACDC dataset, and to the lack of explicit volumetric convolutional modelling.
With the current training setup, concatenating neighbouring slices may propagate inconsistencies between
slices rather than providing useful structural context, thereby making segmentation unstable. As a result, the
2.5D approach didn’t perform well on this dataset and appears to be affected by inter-slice differences.

Metrics based on boundaries make it easier to see architectural differences. UNet++ with EfficientNet-
B3 achieved the lowest ASD value and competitive HD95 performance, indicating highly accurate contours.
In practice, even small changes in the boundaries can significantly affect volumetric and functional
measurements. Thus, automated cardiac assessment systems require models with lower boundary errors.

In conclusion, these results show that the most effective approach for stable, accurate segmentation
on ACDC is to use nested encoder-decoder architectures with efficient feature extractors. Increasing the
encoder depth beyond a certain point yields diminishing returns, whereas effective multi-scale feature fusion
remains very important. Architectures that strike the best balance between global contextual modelling and
local boundary refinement achieve the best trade-off between precision and recall, making them more robust
across diverse heart structures.
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Fig. 4 shows a qualitative comparison of the segmentation outputs from all the models that were tested
on a representative ACDC test slice. The figure shows the original cardiac MRI image, the ground-truth
annotation (colour-coded), and the predicted segmentation maps with their overlays. As we can see, UNet++
with EfficientNet-B3 and EfficientNet-B4 produces segmentations that are very close to the true contours,
especially at the ventricular edges. The predicted masks exhibit smooth shapes consistent with anatomy
and change little at the edges. The FPN and DeepLabV3+ models also perform well in capturing global
cardiac structures, but they exhibit small irregularities at boundaries, particularly at the myocardial interface.
DSE-Net, on the other hand, does not do as well at drawing precise contours, and there are some minor
shape distortions. The 2.5D UNet model exhibits the most pronounced degradation, with predictions that
are fragmented and noisy outside the anatomical region of interest. This confirms the quantitative results
shown in Table 1. Overall, the visual inspection corroborates the quantitative results, indicating that nested
encoder–decoder architectures are better at maintaining spatial consistency and boundary accuracy in
cardiac cine-MRI segmentation.

Figure 4: (Continued)
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Figure 4: Qualitative segmentation results for patient138 f rame01 from the ACDC test set. Red, green, and blue
correspond to the right ventricle (RV), left ventricular myocardium (MYO), and left ventricular cavity (LV), respectively,
following the standard ACDC label encoding. Predicted segmentation masks from different models are visualized as
color maps and as overlays on the original cine MRI slice.

These results validate the choice of UNet++ and FPN variants as robust base learners for future
ensemble optimisation and federated learning experiments. The complementary behaviours observed
across architectures further incentivise the use of probability-level fusion strategies to improve robustness
and generalisation.

Fig. 5 provides a compact stability analysis of the evaluated segmentation architectures. As shown
in Fig. 5A, all well-performing 2D CNN models converge to comparable test Dice scores, indicating stable
final optimization. Fig. 5B further shows strong consistency between best validation Dice and test Dice for
these models, suggesting reliable generalization rather than overfitting. In contrast, the 2.5D architecture
exhibits a pronounced generalization collapse, despite competitive validation performance, highlighting
architectural sensitivity rather than training instability.

Boundary stability analysis in Fig. 5C reveals that models achieving higher overlap accuracy also main-
tain substantially lower boundary error (HD95), reinforcing the link between segmentation convergence and
contour precision. Overall, these results provide robust, indirect evidence of stable convergence behaviour
for suitable architectures, while clearly identifying failure cases due to architectural mismatch.

Fig. 6 illustrates the epoch-wise validation behaviour of the evaluated segmentation architectures. As
shown in Fig. 6A, all well-performing 2D models converge stably, with validation Dice increasing sharply
during the first training epochs and saturating after approximately 8–12 epochs. No oscillatory or divergent
behaviour is observed, indicating stable optimization across architectures such as UNet++, FPN, and
DeepLabV3+. Minor fluctuations near convergence are consistent with stochastic training dynamics rather
than overfitting.
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Figure 5: Training stability and generalization behaviour across evaluated segmentation architectures on the ACDC
dataset. (A) Final test Dice scores (mean, excluding background). (B) Relationship between best validation Dice and test
Dice, illustrating strong generalization consistency for 2D CNN architectures and pronounced generalization collapse
for the 2.5D model. (C) Relationship between test Dice and boundary accuracy (HD95), showing that higher overlap
accuracy is associated with improved contour stability. Colours correspond to different model architectures, as indicated
in the legend.

Figure 6: Epoch-wise training dynamics on the ACDC dataset. (A) Validation Dice evolution for well-performing 2D
architectures, showing stable convergence and performance saturation after approximately 8–12 epochs. (B) Validation
Dice evolution for architectures exhibiting unstable generalization. Despite competitive validation performance, the
2.5D model fails catastrophically on the test set, indicating architectural mismatch rather than optimization instability.

In contrast, Fig. 6B reveals that architectural design plays a critical role in generalization. The 2.5D
UNet achieves competitive validation performance during training but exhibits a catastrophic failure on the
test set, demonstrating that convergence alone does not guarantee reliable generalization when architectural
assumptions are violated. These observations suggest that the reported performance differences are driven
by architectural suitability rather than training instability.

The severe performance degradation observed for the 2.5D UNet model highlights the sensitivity of
slice-concatenation approaches to inter-slice misalignment, anisotropic slice spacing, and rapid anatomical
variation in cardiac cine-MRI. This behaviour reflects an architectural limitation of the 2.5D formulation
rather than a flaw in the global preprocessing pipeline. Due to its instability and substantially inferior
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performance, the 2.5D model is retained solely for ablation purposes and is excluded from all ensemble
optimization and federated learning experiments.

Figs. 6 and 7 provide complementary insights into model convergence behavior. Well-performing
2D architectures exhibit smooth optimization with steadily decreasing loss and stable validation Dice,
confirming reliable convergence. In contrast, architectures such as DSE-Net and 2.5D UNet show irregular
training patterns and inconsistent generalization.

Figure 7: Training dynamics on the ACDC dataset using representative models. (A) Loss and validation Dice curves for
stable 2D architectures (UNet++B3 and FPN B3), showing smooth loss decrease and stable convergence with saturation
after approximately 8–12 epochs. (B) Loss and validation Dice curves for unstable or failure architectures (DSE-Net and
2.5D UNet), highlighting irregular behavior and confirming that the performance degradation of the 2.5D model is due
to architectural limitations rather than optimization instability.

In addition, Fig. 8 highlight performance variability across individual cases. Top-performing models
demonstrate tightly clustered distributions, indicating robust generalization, whereas weaker models exhibit
large dispersion and significant performance degradation in challenging cases.

Figure 8: Distribution of per-case Dice scores across models on the ACDC test set (n = 100). Each box represents the
interquartile range, with median and mean values shown. The plot demonstrates that top-performing models exhibit
low variability and high consistency, while weaker architectures show larger dispersion and instability.
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4.3 Class-Wise Performance Analysis
To provide a more detailed evaluation of segmentation behaviour, we analyse model performance

independently for each anatomical structure, namely the right ventricle (RV), myocardium (MYO), and
left ventricle (LV). Unlike aggregate metrics, class-wise evaluation reveals differences in difficulty across
structures and highlights each model’s ability to capture specific anatomical patterns.

Table 2 reports class-level metrics averaged over the ACDC test set, including Dice, IoU, precision,
recall, and boundary-based measures (HD95 and ASD). In addition, Fig. 9 visualizes Dice performance for
each class across representative models, providing a clear comparison of strengths and weaknesses.

Table 2: Class-wise performance (mean over test cases, n = 100) for representative models on ACDC. Metrics are
reported for the three foreground classes: RV (right ventricle), MYO (myocardium), and LV (left ventricular cavity).

Model Class Dice IoU Precision Recall HD95 (px) ASD (px)
DSE-Net RV 0.6357 0.5340 0.8706 0.5887 7.2543 3.0002
DSE-Net MYO 0.7129 0.5878 0.7955 0.7099 5.1531 1.9649
DSE-Net LV 0.7917 0.7032 0.9214 0.7569 3.6261 1.4751

DeepLab B4 RV 0.8497 0.7544 0.9212 0.8126 3.5611 1.2165
DeepLab B4 MYO 0.8615 0.7604 0.8494 0.8789 2.1826 0.7559
DeepLab B4 LV 0.9178 0.8529 0.9656 0.8791 1.9061 0.7240

DeepLab R101 RV 0.8119 0.7148 0.9379 0.7587 4.2627 1.5261
DeepLab R101 MYO 0.8390 0.7307 0.8427 0.8480 3.1425 1.1299
DeepLab R101 LV 0.8944 0.8216 0.9639 0.8476 2.2013 0.8168

2.5D UNet B3 RV 0.1378 0.0841 0.4861 0.0877 69.5375 47.8426
2.5D UNet B3 MYO 0.1856 0.1076 0.4259 0.1226 72.6716 31.0935
2.5D UNet B3 LV 0.1864 0.1081 0.1362 0.3979 109.2977 59.1268

The results indicate that top-performing architectures, such as DeepLab B4 and DeepLab R101, achieve
consistently high performance across all anatomical structures, particularly for the LV class. In contrast,
weaker models exhibit substantial variability and degraded performance, especially for RV and MYO, which
are known to present higher anatomical variability.

The analysis reveals that the LV class is consistently the easiest structure to segment, achieving the
highest Dice scores across all models. For example, DeepLab B4 reaches a Dice score above 0.91 for LV,
reflecting the relatively well-defined boundaries of this structure.

In contrast, RV and MYO segmentation is more challenging, as indicated by lower Dice scores and
increased boundary distances. This is particularly evident in models such as DSE-Net, where performance
drops significantly for the RV class. The increased variability in these classes is consistent with known
anatomical complexity and class imbalance in cardiac MRI.

Among all models, DeepLab B4 and DeepLab R101 achieve the best balance between overlap accuracy
and boundary precision, maintaining high Dice scores while keeping HD95 and ASD values low. This
confirms their ability to capture both global structure and fine boundary details.

On the other hand, the 2.5D UNet model shows severe degradation across all classes, with extremely low
Dice scores and very large HD95/ASD values. These results confirm that the model fails to generalize, despite
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reasonable validation performance during training, as also illustrated in Fig. 9. This behaviour highlights the
limitations of slice-based contextual encoding for multi-class cardiac segmentation.

Figure 9: Class-wise Dice comparison (RV, MYO, LV) across representative models on the ACDC test set. The plot
highlights that top-performing models maintain consistently high Dice scores across all structures, while weaker models
exhibit significant performance degradation, particularly for RV and MYO.

Overall, the class-wise analysis demonstrates that high-performing 2D architectures not only achieve
strong average performance but also maintain consistent and reliable segmentation across all anatomical
structures, which is essential for clinical applicability.

4.4 Pairwise Ensemble Combination Analysis
This subsection looks into how fusing model pairs at the probability level can improve perfor-

mance. Table 3 shows how well all of the pairwise probability-level ensembles did on the ACDC dataset.
The results clearly show that using complementary segmentation architectures consistently yields better
overlap-based and boundary-sensitive metrics than using a single model.

The ensemble with the best performance, UNet++ (EffNet-B3) and FPN (EffNet-B3), achieved the
highest Dice score (0.9007) and IoU (0.8249), surpassing the previously reported best individual model. This
improvement demonstrates that a diverse set of architectures improves segmentation stability. UNet++ excels
at refining boundaries through dense skip connections, whereas FPN excels at strengthening multi-scale
contextual representation with its feature pyramid structure. The combination of the two models reduces
both false negatives and boundary irregularities, as shown by lower HD95 (2.0516 px) and ASD (0.7134 px)
scores than those of the individual models.
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Table 3: Performance comparison of pairwise ensemble models on the ACDC dataset. Metrics are averaged over test
data (excluding background). Lower values indicate better performance for HD95 and ASD.

Ensemble Model Dice IoU Precision Recall Accuracy HD95 (px) ASD (px)
UNet++ B3 + FPN B3 0.9007 0.8249 0.9154 0.8944 0.9978 2.0516 0.7134
UNet++ B3 + FPN B4 0.9002 0.8246 0.9180 0.8912 0.9979 2.0817 0.7183

UNet++ B3 + UNet++ B4 0.8992 0.8239 0.9211 0.8876 0.9978 2.1022 0.7230
UNet++ B3 + DeepLabV3+ B4 0.8989 0.8231 0.9215 0.8866 0.9978 2.0225 0.6927

UNet++ B3 + DeepLabV3+ R101 0.8978 0.8208 0.9173 0.8880 0.9978 2.1358 0.7343
UNet++ B4 + FPN B3 0.8972 0.8208 0.9197 0.8858 0.9978 2.0337 0.7300
UNet++ B4 + FPN B4 0.8968 0.8203 0.9226 0.8823 0.9978 2.1524 0.7653

UNet++ B4 + DeepLabV3+ B4 0.8937 0.8166 0.9241 0.8769 0.9978 2.0921 0.7493
FPN B3 + FPN B4 0.8926 0.8125 0.9117 0.8831 0.9977 2.1794 0.7885

FPN B4 + DeepLabV3+ R101 0.8914 0.8112 0.9177 0.8766 0.9977 2.2876 0.8138
UNet++ B4 + DeepLabV3+ R101 0.8911 0.8122 0.9199 0.8759 0.9977 2.2746 0.8028

FPN B3 + DeepLabV3+ R101 0.8909 0.8097 0.9138 0.8795 0.9976 2.1865 0.7901
FPN B4 + DeepLabV3+ B4 0.8909 0.8112 0.9190 0.8750 0.9977 2.2020 0.7917
FPN B3 + DeepLabV3+ B4 0.8898 0.8088 0.9148 0.8768 0.9976 2.1356 0.7814

DeepLabV3+ R101 + DeepLabV3+ B4 0.8840 0.8013 0.9179 0.8659 0.9975 2.3245 0.8242
FPN B3 + UNet 2.5D 0.8362 0.7315 0.9143 0.7906 0.9967 3.8078 1.3258
FPN B4 + UNet 2.5D 0.8325 0.7269 0.9175 0.7836 0.9966 4.0316 1.3999

UNet++ B3 + UNet 2.5D 0.8235 0.7148 0.9155 0.7723 0.9964 4.6741 1.4689
FPN B3 + DSE-Net 0.8234 0.7235 0.9189 0.7828 0.9966 3.4764 1.3625
FPN B4 + DSE-Net 0.8233 0.7250 0.9245 0.7795 0.9967 3.6435 1.4261

Additionally, UNet++-based ensembles consistently outperform. This observation shows that UNet++
is a strong anchor model that makes stable structural segmentation predictions. When used with FPN or
DeepLabV3+, additional contextual or multi-scale information improves recall without lowering accuracy.
In particular, combinations such as UNet++B3+DeepLabV3+B4 achieve higher accuracy because DeepLab
models the context well while maintaining comparable Dice performance.

It’s interesting that ensembles that mix two strong UNet++ variants (B3 and B4) get slightly lower gains
than cross-architecture combinations. This means that a variety of architectural styles is preferable to simply
making the encoder deeper. Even though EfficientNet-B4 has more representational power, using two similar
nested decoder structures together doesn’t give you much extra information. So, it seems that diversity in
decoder topology has a bigger effect than diversity in encoder scaling.

On the other hand, using weaker models, such as UNet 2.5D or DSE-Net, in combination makes the
ensemble perform much worse. For instance, ensembles with UNet 2.5D have Dice scores below 0.84, while
HD95 and ASD scores increase substantially. This degradation shows that when a model makes unstable
boundary predictions, probability averaging propagates segmentation errors rather than correcting them.
The very high boundary errors observed in these combinations indicate that ensemble learning performs
best when all models remain stable at their baselines.

Boundary metrics further demonstrate the importance of strong architectural synergy. The best ensem-
bles reduce HD95 to approximately 2 pixels, indicating that the contours are perfectly aligned. In cardiac
MRI segmentation, boundary accuracy is critical because even small contour shape changes can substantially
alter volumetric functional indices such as ejection fraction and myocardial mass. The observed decreases
in HD95 and ASD are clinically significant and support the case for ensemble deployment.

Also, precision increases slightly in most ensemble setups relative to single models, indicating fewer
false-positive areas. When UNet++ and FPN are combined, recall stays high. This means that ensemble
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fusion effectively balances over- and under-segmentation. This consistent improvement across metrics
indicates that probability-level fusion reduces model variance and smooths out prediction artefacts that arise
only in a single instance.

Another interesting observation is that combinations of two DeepLab variants work reasonably well,
but they don’t outperform those based on UNet++. This suggests that ASPP-based architectures may not
provide the fine-grained boundary refinement required for optimal cardiac segmentation on ACDC, even
though they capture strong contextual information.

The pairwise ensemble analysis backs up three main points. First, having different architectural types
makes segmentation more stable. Second, UNet++ always plays a major role in hybrid setups. Third,
ensemble learning can strengthen models, but it cannot compensate for models that perform very poorly.
These insights validate the selection of the optimal ensemble configuration as the basis for subsequent genetic
algorithm optimisation and federated learning experiments.

4.5 Genetic Algorithm-Based Weight Optimization
This part examines how well adaptive weight selection performs with a Genetic Algorithm. The genetic

algorithm is executed exclusively during offline model selection, and the final deployed system relies on fixed
ensemble weights, ensuring no additional computational overhead during inference. Table 4 presents genetic
algorithm configuration for ensemble weight optimization.

Table 4: Genetic algorithm configuration for ensemble weight optimization.

Parameter Setting
Optimization objective Maximize validation Dice score

Search space Ensemble weights (w1 , w2)
Weight constraints w1 +w2 = 1, wi ≥ 0

Population initialization Random uniform sampling
Fitness evaluation Mean Dice on validation set
Selection strategy Fitness-based selection

Crossover operation Arithmetic recombination
Mutation operation Small random perturbation

Elitism Best solution retained per generation
Termination criterion Fixed number of generations

Optimization frequency Offline (single execution)
Deployment usage Fixed weights (no runtime optimization)

The genetic algorithm is executed offline during model selection to explore the ensemble weight
space under explicit constraints. Notably, optimization converges toward near-uniform weights, indicating
strong complementarity between the selected base models. This outcome provides a practical insight that
simple averaging is sufficient for deployment, eliminating the need for computationally expensive runtime
optimization while preserving ensemble robustness.

Table 5 shows the chosen weighted combinations of UNet++ (EfficientNet-B3) and FPN (EfficientNet-
B3). The goal of this experiment is to determine how changing each model’s contribution affects segmentation
performance and boundary accuracy.
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Table 5: Selected weighted ensemble configurations for UNet++ (EffNet-B3) and FPN (EffNet-B3). Metrics are
averaged over the test set (excluding background). Lower values indicate better performance for HD95 and ASD.

α β Dice IoU Precision Recall Accuracy HD95 (px) ASD (px)
0.50 0.50 0.9007 0.8249 0.9154 0.8944 0.9978 2.0516 0.7134
0.49 0.51 0.8987 0.8218 0.9117 0.8943 0.9978 2.0535 0.7168
0.52 0.48 0.9002 0.8240 0.9132 0.8952 0.9978 2.2345 0.8241
0.55 0.45 0.8997 0.8232 0.9118 0.8956 0.9978 2.2723 0.8297
0.58 0.42 0.8993 0.8227 0.9109 0.8958 0.9978 2.2970 0.8408
0.60 0.40 0.8991 0.8224 0.9105 0.8959 0.9978 2.2886 0.8357
0.62 0.38 0.8990 0.8222 0.9101 0.8959 0.9978 2.2970 0.8354
0.65 0.35 0.8987 0.8218 0.9096 0.8960 0.9978 2.2956 0.8344
0.67 0.33 0.8986 0.8216 0.9093 0.8960 0.9978 2.3064 0.8367
0.69 0.31 0.8984 0.8213 0.9090 0.8959 0.9978 2.3152 0.8383

The balanced configuration (α = 0.50, β = 0.50) clearly gets the best Dice (0.9007) and IoU (0.8249)
scores, as well as the worst HD95 (2.0516 px) and ASD (0.7134 px) scores. This shows that both architectures,
working together equally well, create the best learning. Balanced fusion combines the best parts of UNet++
and FPN without favouring one error pattern over the other. UNet++ excels at refining boundaries, and FPN
excels at representing context across different scales.

As the weight slowly shifts toward UNet++ (increasing α), Dice and IoU both go down steadily but
not too much. Although the performance drop remains small (less than 0.003 Dice across the range we
examined), the boundary metrics continue to increase. For example, HD95 goes up from 2.05 px when the
weights are balanced to about 2.31 px when α = 0.69. This means that putting too much focus on a single
architecture makes the ensemble less diverse and reduces error compensation effectiveness.

It is interesting that recall stays pretty stable across all weight configurations. This suggests that both
models find similar foreground regions. However, as the imbalance increases, accuracy decreases slightly.
This is because FPN has less influence when its contribution decreases. This behaviour supports the idea that
the main reason for ensemble improvement is not large structural changes, but rather the combination of
false-positive suppression and boundary smoothing.

From a bias–variance perspective, equal weighting keeps bias low while reducing prediction variance.
When a single model is in charge, the ensemble increasingly resembles a single architecture, making
hybridisation less useful. The small yet steady drop in performance indicates that ensemble learning depends
on maintaining architectural diversity during the fusion process.

Metrics that are sensitive to boundaries further support this interpretation. The lowest ASD and HD95
values are close to the balanced configuration, indicating optimal contour alignment. In cardiac MRI
segmentation, boundary accuracy is critical because even small contour deviations can lead to substantial
errors in volumetric estimation. Consequently, the decrease in boundary distance under balanced weighting
holds direct clinical significance.

Another important observation is how close the behaviour is to symmetry around α = 0.50. The setup
(0.49, 0.51) performs just as well as (0.50, 0.50), indicating that it is stable even under small changes. This
means that the performance landscape around the best weight range is pretty smooth and stable. In theory,
genetic algorithm optimisation should converge toward weights that are nearly equal.
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In general, the weighted ensemble analysis indicates that performance improvements arise from
architectural complementarity rather than from simply scaling the encoder. The best setup is close to equal
weighting, indicating that adaptive optimisation methods, such as genetic algorithms, can automatically find
this balance. These results provide strong justification for using the optimised hybrid configuration in the
next federated learning framework.

The primary role of the genetic algorithm in this framework is not to introduce additional complexity
during deployment, but to provide an automated and principled mechanism for exploring the ensemble
weight space and validating optimal fusion behaviour. The GA optimizes ensemble weights based on
validation Dice score under explicit constraints, thereby avoiding manual or heuristic tuning.

Notably, the optimization consistently converged toward balanced or near-uniform weighting between
the selected architectures. This outcome is not interpreted as a limitation, but rather as an important empirical
insight: it indicates strong architectural complementarity between UNet++ and FPN, and confirms that
simple averaging achieves near-optimal performance. The GA thus serves as a diagnostic tool that verifies
when uniform weighting is sufficient, simplifying deployment while retaining robustness.

4.6 Federated Learning Performance Evaluation
This subsection examines how well segmentation performs under distributed federated training.
We emphasize that federated learning experiments are conducted on a public dataset with simulated

client partitions. While this enables controlled analysis of IID vs. non-IID behavior, it does not fully replicate
real multi-center distribution shifts such as scanner vendor differences, acquisition protocols, or annotation
styles. Therefore, results should be interpreted as proof-of-concept validation under simulated heterogeneity
rather than direct evidence of real-world multi-center deployment.

Table 6 presents Federated learning and training hyperparameters used in all experiments.

Table 6: Federated learning and training hyperparameters used in all experiments.

Parameter Value
Number of clients (K) 5

Communication rounds 20
Client participation ratio 1.0 (all clients participate)

Federated algorithms FedAvg, FedProx
Batch size 8
Optimizer AdamW

Learning rate 1 × 10−3

Weight decay 1 × 10−4

Mixed precision training Enabled
Random seed 42

Proximal coefficient μ (FedProx) 0.01
Image resolution 256 × 256

Number of classes 4

Table 7 shows how well the optimised hybrid ensemble works with different data distributions and
federated learning strategies. The comparison includes FedAvg in both IID and non-IID settings, along with
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FedProx in non-IID settings. The results provide important insights into how distributed optimisation affects
segmentation accuracy and boundary stability.

Table 7: Comparison of federated learning strategies using the optimized hybrid ensemble configuration. Metrics are
averaged over the test set (excluding background). Lower values indicate better performance for HD95 and ASD.

Method Dice IoU Precision Recall Accuracy HD95 (px) ASD (px)
FedAvg (non-IID) 0.9021 0.8265 0.9020 0.9088 0.9979 2.0542 0.7078

FedAvg (IID) 0.9001 0.8234 0.9044 0.9035 0.9978 2.1086 0.7378
FedProx (non-IID) 0.8957 0.8169 0.9063 0.8939 0.9977 2.1986 0.7594

It is observed that FedAvg achieved slightly higher Dice (0.9021) and IoU (0.8265) under the simulated
non-IID setting than in the IID configuration and FedProx. This observation should be interpreted with
caution. The result is empirical and specific to the moderate level of heterogeneity simulated from the ACDC
dataset, and we do not claim that non-IID optimization generally outperforms IID training, nor that it
contradicts established federated optimization theory regarding client drift.

A possible explanation is that moderate patient-level heterogeneity may expose the aggregation process
to a broader range of anatomical variations across clients. This may influence the aggregated updates in
a manner that slightly differs from the IID case. However, this interpretation remains speculative, and
no gradient-level convergence or theoretical analysis is provided to substantiate a regularization effect. A
systematic investigation of gradient behavior under varying degrees of heterogeneity is therefore identified
as an important direction for future work.

In comparison, FedAvg under IID conditions produced slightly lower overlap metrics but maintained
consistent convergence behavior, reflecting the expected stability associated with IID aggregation. FedProx
achieved competitive precision under non-IID conditions, indicating its effectiveness in limiting local drift;
however, the proximal constraint may also restrict local adaptation, which may explain the slightly reduced
Dice and IoU relative to FedAvg. Differences in HD95 and ASD across federated settings remain small,
indicating that boundary quality is largely preserved across optimization strategies.

Overall, these results indicate that the proposed ensemble-based federated framework remains stable
under both IID and moderately non-IID conditions. Performance differences across federated strategies are
modest, dataset-dependent, and should be interpreted as empirical observations rather than evidence of
general optimization advantages.

5 Unified Results and Discussion
This section provides a comprehensive synthesis of all experimental scenarios conducted in this study,

including centralized deep learning benchmarking, pairwise ensemble fusion, genetic algorithm (GA)-
based weight optimization, and federated learning under IID and non-IID distributions. The objective is
to analyse performance trends, identify architectural complementarity, evaluate the stability of distributed
optimisation, and assess clinical reliability under privacy-preserving constraints.

5.1 Global Performance Overview across Experimental Scenarios
The centralised experiments showed that nested encoder-decoder architectures, especially UNet++with

EfficientNet backbones, had the best overlap and boundary accuracy on the ACDC dataset. In particular,
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UNet++ (EffNet-B3) achieved the highest test Dice score among single models, underscoring the importance
of dense skip connections and multi-scale refinement for defining cardiac boundaries.

Based on these results, pairwise ensemble learning further improved segmentation. Probability-level
fusion of the UNet++ and FPN architectures consistently improved Dice, IoU, and boundary metrics.
The best pairwise ensemble (UNet++ B3 + FPN B3) achieved a Dice score higher than that of any single
model. This improvement demonstrates that heterogeneous building types can help mitigate errors and
reduce variance.

The following GA-based weight optimisation showed that balanced or near-balanced weight distribu-
tions yield the besfederated learning tests showed that the best hybrid setup still performs well when training
is distributedt ensemble learning. As the weight imbalance increased, performance gradually deteriorated.
This underscores the importance of preserving architectural diversity in hybrid configurations.

Finally, tests of federated learning showed that the best hybrid setup still performs well when training
is conducted in a distributed manner. Notably, FedAvg under non-IID conditions achieved the highest Dice
score among federated methods, suggesting that moderate client heterogeneity may enhance generalization
rather than degrade convergence.

These experiments show a progressive improvement pipeline: single model → ensemble → optimised
ensemble → federated hybrid model. There is very little loss of performance when privacy is protected.

5.2 Comparative Analysis: Centralized vs. Ensemble vs. Federated Learning
To summarize the evolution of segmentation performance across scenarios, Table 8 provides a compact

comparison between four representative configurations.

Table 8: Comparison of representative segmentation scenarios on the ACDC dataset (excluding background). Lower
values are better for HD95 and ASD.

Scenario Dice IoU HD95 (px) ASD (px)
Best Single Model (UNet++ B3) 0.8890 0.8078 2.4033 0.8213

GA-Optimized Ensemble 0.9007 0.8249 2.0516 0.7134
Federated (FedAvg non-IID) 0.9021 0.8265 2.0542 0.7078

The comparison shows that moving from centralised single models to hybrid ensemble configurations
always improves performance. The ensemble lowers the boundary error by about 0.33 pixels in HD95
compared to the best single model. This is a significant improvement in contour refinement. Also, the
federated setup works just as well as, and in some cases even better than, the centralised ensemble setup.

These results show that privacy-preserving distributed training does not degrade segmentation accu-
racy when optimised hybrid architectures are used. Federated aggregation may offer slight regularisation
advantages under moderate data heterogeneity.

5.3 Statistical Significance Interpretation
All evaluation metrics are computed on a per-case basis over the full ACDC test set (n = 100 patient

volumes). In addition to mean values, we report the corresponding standard deviation (mean ± std) and the
95% confidence interval (CI95%) derived from case-level distributions.
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These statistics quantify inter-patient variability and provide stronger support for the consistency of
observed trends across models. To further illustrate robustness, Fig. 7 presents the distribution of per-case
Dice scores across all evaluated models.

While repeated-run statistical testing (multiple independent trials and hypothesis testing) was not
conducted in this study, these case-level statistics provide meaningful insight into model stability and
performance variability.

Table 9 highlights that top-performing models such as UNet++ B3 and FPN B3 not only achieve
high mean Dice scores but also exhibit low variability, indicating robust generalization across patients. In
contrast, models such as DSE-Net and 2.5D UNet show significantly higher dispersion, reflecting unstable
behavior. These findings confirm that case-level variability is essential for assessing reliability beyond average
performance, particularly in medical image segmentation tasks where patient consistency is critical.

Table 9: Case-level variability on the ACDC test set (n = 100). Dice performance is reported as mean ± standard
deviation, along with 95% confidence interval (CI95%).

Model Dice Mean Dice Std CI95%
UNet++ B3 0.8890 0.0477 ±0.0093

FPN B3 0.8887 0.0440 ±0.0086
FPN B4 0.8843 0.0519 ±0.0102

DeepLab B4 0.8763 0.0610 ±0.0120
UNet++ B4 0.8677 0.0811 ±0.0159

DeepLab R101 0.8485 0.1113 ±0.0218
DSE-Net 0.7134 0.2374 ±0.0465

2.5D UNet B3 0.1699 0.1077 ±0.0211

The reported results are presented as mean performance values across the test set and were obtained
from a single training run per configuration. No repeated trials, standard deviation measurements, or formal
statistical significance testing were conducted. As such, the observed performance improvements should be
interpreted as descriptive trends rather than statistically conclusive gains.

Nevertheless, the consistency of improvements across multiple evaluation metrics, particularly
boundary-sensitive measures such as HD95 and ASD, suggests that the observed trends are systematic rather
than incidental. Future work will include repeated runs, robustness analysis, and statistical hypothesis testing
to quantify variance and establish statistical significance.

5.4 Architectural and Optimization Insights
The experiments yield numerous architectural insights:
First, nested skip connections make it easier to identify the boundaries of the heart muscle by

closing semantic gaps between encoder and decoder features. Second, having a variety of architectures is
preferable to simply scaling the encoder. Cross-architecture ensembles (UNet++ + FPN) outperform same-
architecture combinations (UNet++ B3 + B4). This demonstrates the importance of integrating different
design principles.

Third, balanced ensemble weighting maximises learning. As the weight imbalance grows, the advantages
of hybridisation decrease because the reduction in variance becomes weaker.
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Lastly, the stability of federated learning relies more on the architecture’s strength than on rigid IID
assumptions. This study indicates that moderate sufficient for computers to automatically compute cardiac
functional parameters, such as non-IID heterogeneity, did not impair performance, implying that distributed
cardiac MRI data may inherently offer regularisation advantages.

The framework includes multiple stages (benchmarking, ensemble evaluation, GA-based weight search,
and federated training). Multi-model benchmarking and GA optimization are performed offline during
model selection and do not affect inference-time deployment. Federated learning communication overhead
scales with the number of rounds and model size as in standard FL. We acknowledge that wall-clock training
time, GPU memory usage, and communication bandwidth were not quantitatively measured in this study
and will be included in future work for practical deployment assessment.

5.5 Clinical Implications
From a clinical point of view, reliable segmentation of the ventricular boundary occurs when the

Dice scores are above 0.90, and the HD95 values are close to 2 pixels. This level of accuracy is sufficient
for computers to automatically calculate cardiac functional parameters such as ejection fraction and
ventricular volumes.

Maintaining segmentation quality in federated learning is especially crucial in real-world healthcare
environments where data sharing is limited. The proposed hybrid federated framework enables institutions
to collaborate on learning without compromising patients’ privacy. This supports large-scale, privacy-aware
cardiac analysis systems.

While accurate segmentation is a prerequisite for computing clinical indices such as ejection fraction
and ventricular volumes, this study focuses exclusively on technical segmentation performance and does not
directly evaluate clinical metrics. Therefore, statements regarding clinical applicability should be interpreted
in the context of segmentation reliability rather than validated clinical measurement accuracy. Future studies
will incorporate explicit clinical endpoints, including EF and volume estimation error, to assess downstream
clinical impact.

6 Comparison with State-of-the-Art Methods
Cardiac MRI segmentation on the ACDC benchmark has been extensively investigated using super-

vised, semi-supervised, and transformer-based architectures. However, direct comparison across studies is
often complicated by differences in evaluation protocols and reporting conventions. In particular, several
works report Dice scores for individual cardiac structures, most commonly the left ventricular cavity (LVC),
whereas fewer studies report the mean Dice score across all cardiac structures, including the left ventricular
cavity (LVC), right ventricle (RV), and myocardium (MYO). The latter represents a more comprehensive and
clinically relevant evaluation for whole-heart segmentation and is therefore adopted in this work.

In this work, we adopt the mean Dice score across LVC, RV, and MYO, which constitutes a more
comprehensive and clinically relevant evaluation for whole-heart segmentation. Under this protocol, recently
published methods typically achieve mean Dice values of approximately 0.86 to 0.90. Semi-supervised
and cascade-based approaches report comparable values, while transformer-based architectures such as
TransUNet and Swin Unet approach 0.90 under centralised training settings.

Table 10 presents a comparison with representative state-of-the-art methods on the ACDC dataset using
mean Dice over LVC, RV, and MYO. As shown, recently published approaches typically achieve mean Dice
values of approximately 0.86 to 0.90.
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Table 10: Comparison with state-of-the-art methods on the ACDC dataset using mean Dice score over LVC, RV, and
MYO.

Method Mean Dice (LVC, RV, MYO)
Liu and Zhao (2025) [61] 0.8968

Karthikeyan and Anusuya (2025) [62] 0.8591
Mi et al. (2026) [63] 0.8720

CPC-SAM (2024) [64] 0.8790
Chaitanya et al. (2023) [65] 0.8830

Yuan et al. (2023) [66] 0.8690
AD-MT [67] 0.8946

TransUNet [37] 0.8971
Santos da Silva et al. [68] 0.8688

Swin-Unet [38] 0.9000
Yang et al. [69] 0.8982

Our approach (FedAvg) 0.9021

Karthikeyan and Anusuya [62] report a mean Dice of 0.8591 using a U-Net-based architecture, while
Mi et al. [63] achieves 0.872 via adaptive pseudo-labelling and entropy-based regularisation. Cascade-based
refinement methods, such as Santos da Silva et al. [68], similarly report mean Dice scores below 0.87 when
evaluated across all cardiac structures.

Transformer-based architectures, including TransUNet [37] and Swin-Unet [38], improve global context
modelling and report mean Dice scores approaching 0.90 under fully centralised training conditions.
Semi-supervised frameworks such as those proposed by Chaitanya et al. [65] and Yuan et al. [66] achieve
competitive results of 0.87–0.88, demonstrating the benefit of exploiting unlabeled data.

In contrast, the proposed federated framework achieves a mean Dice of 0.9021 using the FedAvg
optimization strategy, placing it on par with or above several recent transformer-based and semi-supervised
methods under the same multi-structure evaluation protocol. While Dice values above 0.92 are occasionally
reported in the literature, such results typically correspond to single-structure segmentation, predominantly
the LVC, rather than mean Dice over LVC, RV, and MYO.

Importantly, unlike most compared approaches that rely on fully centralized training, the proposed
method operates under privacy-preserving federated learning constraints. Within this decentralized set-
ting, achieving a mean Dice exceeding 0.90 demonstrates strong robustness and competitiveness, while
additionally supporting deployment in collaborative clinical environments where data sharing is restricted.

7 Limitations, Risks, and Trade-Offs
Despite the promising results, the proposed framework presents several limitations and practical

considerations. First, the benchmarking and ensemble construction stage involves training multiple deep
segmentation architectures, which increases computational overhead and GPU memory requirements.
Although this cost is incurred only during model selection and not during deployment, it may limit
accessibility for institutions with constrained computational resources.

Second, the genetic algorithm introduces additional optimization complexity. While GA enables
automated exploration of ensemble weights, it requires multiple fitness evaluations during validation.
Importantly, the GA is executed only once in an offline setting and does not affect inference time efficiency.
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In resource-limited scenarios, simpler weighting strategies may therefore be preferred. Third, federated
learning introduces potential failure points related to communication overhead, synchronization latency,
and client availability. Model convergence depends on consistent client participation, and client dropouts or
data imbalance may affect stability. While algorithms such as FedProx mitigate client drift, these risks remain
inherent to decentralized optimization.

Finally, a trade off exists between segmentation accuracy and computational efficiency. Architectural
diversity and ensemble fusion improve robustness but increase memory usage. These limitations highlight
the need to adapt the framework to specific deployment contexts and motivate future work on lightweight
federated ensemble strategies.

The observation that uniform ensemble weighting performs comparably to GA-optimized fusion
should be interpreted as evidence of stable ensemble synergy rather than an absence of benefit from
optimization. In practice, this finding improves clinical feasibility by eliminating the need for adaptive
or computationally expensive weighting strategies at inference time. The genetic algorithm, therefore,
contributes by confirming robustness and preventing unnecessary overengineering, rather than by enforcing
complex fusion mechanisms.

It is important to emphasize that the observed performance differences between IID and non-IID
federated settings are dataset-dependent and do not imply a general optimization advantage of non-IID
training. Federated learning theory predicts potential degradation under severe heterogeneity due to client
drift, particularly when local objectives diverge substantially. In this study, heterogeneity was simulated at
a moderate level, and no formal gradient or convergence analysis was conducted. As such, conclusions
regarding optimization dynamics should be limited to empirical observations on the evaluated dataset.

An important limitation of this study is the absence of statistical significance testing and clinical metric
evaluation. Although Dice and boundary metrics provide strong indicators of segmentation quality, they do
not directly quantify clinical accuracy. Addressing these aspects will be essential for future validation and
clinical translation.

Although we report mean ± std and CI95% across 100 test cases, we did not perform repeated-run
experiments or formal hypothesis testing; comprehensive statistical significance analysis will be investigated
in future work.

GA-related overhead is confined to offline model selection and does not impact inference-time
efficiency or federated communication cost.

8 Conclusion
This study proposed an integrated and comprehensive framework for cardiovascular MRI segmentation

that systematically combines deep learning architectures, ensemble strategies, genetic-algorithm optimisa-
tion, and federated learning. By examining these components both individually and collectively, the work
establishes a robust foundation for building high-precision, scalable, and privacy-preserving medical image
segmentation systems.

Centralised benchmarking revealed that UNet++ architectures equipped with EfficientNet backbones
serve as highly competitive base learners, offering strong representational capacity and stable convergence
across diverse cardiac structures. Beyond single-model performance, the pairwise ensemble fusion experi-
ments demonstrated that architectural diversity is a critical enabler of segmentation robustness. By exploiting
complementary strengths and compensating for individual model weaknesses, the ensembles achieved
consistent improvements in boundary delineation, region consistency, and overall Dice performance.
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The genetic algorithm–based optimisation further strengthened the ensemble’s effectiveness by iden-
tifying hybrid weighting configurations that maximised inter-model synergy. Instead of relying on manual
or heuristic ensemble weighting, the GA dynamically explored the search space, revealing that balanced,
intermediate weight distributions lead to more cooperative decision-making among models. This approach
not only enhanced performance but also provided insights into the relative contributions of heterogeneous
learners, offering a pathway toward more interpretable ensemble construction.

The federated learning component of the study addressed a critical challenge in modern medical
AI—how to develop high-quality models without compromising patient confidentiality or requiring data
centralisation. The results show that federated training can maintain competitive segmentation accuracy even
under highly non-IID client distributions, which commonly occur in real multi-centre clinical environments.
These findings underscore the practical viability of federated learning for cross-institutional collaboration,
enabling hospitals to benefit from aggregated knowledge while ensuring compliance with privacy regulations
and ethical data-sharing constraints. The consistency of the federated models across simulated clients also
underscores the framework’s scalability and potential for real-world deployment.

Overall, the experimental results demonstrate consistent performance gains from single model baselines
to ensemble configurations and finally to federated optimization. The minimal performance degradation
under privacy-preserving training confirms the effectiveness of architectural complementarity and ensem-
ble fusion for robust cardiac MRI segmentation. Looking ahead, several promising research directions
emerge from this work. Future investigations will extend the evaluation to broader, more diverse, and
truly multi-centre datasets to further assess generalisability and robustness. Additionally, dynamic client-
specific weight adaptation, personalised federated training strategies, and uncertainty-aware aggregation
methods represent compelling avenues to enhance the framework’s responsiveness and reliability in hetero-
geneous environments. Integrating explainability techniques, assessing clinical workflow integration, and
exploring multimodal data fusion may further elevate the clinical applicability and interpretability of the
proposed methodology.
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